We prepared test dataset with various conditions that might affect de novo assemblies. We also 1 5 9
counted their k-mer frequencies. Simulated reads with increased error rate showed much 1 6 0 divergence at low k-mer frequencies (Fig. 1A ). There was a combinatorial effect of sequential 1 6 1 quality trimming and error correction of reads on k-mer distribution at low frequencies with data 1B). Interestingly, error rate and pretreatment did not appear to be the major factor affecting the Table S1 ). Real sequencing reads from repeat-rich genome Shigella boydii 1 6 6 produced as many as 443 contigs (4.53 Mb) due to the presence of hundreds of copies of insertion 1 6 7 sequences which resulted in highly fragmentary assembly with a shoulder peak just beyond the 1 6 8 main one, representing k-mers from repetitive sequences (Fig. 1C) . Although E. coli BL21 also showed multiple peaks at high frequency k-mer range, the relative height of the highest secondary 1 7 0 peak to the main was only 0.23%. It was 45.3% for Shigella boydii. Contamination appeared to be the major factor that deteriorated both assembly results and k-1 7 2 mer profiles (Fig. 1D ). There was a secondary peak in the low frequency range with different peak 1 7 3 locations and heights. We also carried out de novo assemblies with various contamination levels. Compared to species level contamination where 5-10% contamination mostly spoiled the assemblies, strain level contamination resulted in the worst assembly when 50% mixture was used (Supplementary Table S1 and Fig. S1 ). For the latter situation, k-mer spectrum is shown in Fig. 1E . It is reminiscent of a de novo assembly of a heterozygous diploid genome. We also compared k-mer diploid yeast Candida albicans SC5314 (Fig. 1F) . Reads from haploid genome showed a major 1 8 0 peak around sequencing depth (100x) and minor peaks arising from repeats at high frequencies. On 1 8 1 the contrary, SC5314 showed the largest secondary peak left to the main peak. As expected, 1 8 2 heterozygous diploid genome resulted in much worse assembly that haploid genome 1 8 3 (Supplementary Table S1 ).
8 4
Bad assemblies from real data were associated with anomalous k-mer abundant profile
Real Illumina sequencing data produced from one single multiplexed run of thirteen bacterial 1 8 6 isolate genomes were preprocessed (trimming only) and assembled using CLC Genomics 1 8 7
Assembler. At first glance, samples Bc1 and Bp1 failed in de novo assembly as they showed 1 8 8 extraordinarily high contig numbers. In addition, the total contig lengths were much larger than the 1 8 9 expected genome size (Table 1) . Although Sample Bc2 resulted in a moderately large contig 1 9 0 number that might be regarded as normal, it should be regarded as a failure due to total contig 1 9 1 length of nearly 9.3 Mb, which is impossible for a Bacillus cereus strain. All reads were pretreated 1 9 2 using trimmomatic (adaptor removal and trimming) and subjected to Jellyfish analysis for k-mer counting. As expected, samples Bc1, Bc2, and Bp1 all showed a secondary peak at the rare k-mer While inspecting QUAST report for graphical representation of assembly results, we found that
Bp1 contained contigs whose %GC was much higher (~70% on average) than what was expected 1 9 8 for a Bacillus pumilus genome ( Supplementary Fig. S2A ). Contigs could be divided at 55% G+C 1 9 9 into a low-GC group (172 contigs, total length of 3,759,031 bp, N50 of 906,842 bp) and a high-GC Caulobacter species. GC-rich contamination in sample Bp1 was not conspicuous at the read level Read subsampling or removing low-abundant k-mers improved de novo assemblies 2 0 5
As a fast measure to improve the problem in assembly, reads were subsampled at 5-50% ranges and 2 0 6 subject to de novo assembly. 5% of subsample yielded far better assemblies than using the whole 2 0 7 dataset for Bc1 and Bp1 (Fig. 3) . Based on k-mer spectrum analysis, the atypical peak at low k-mer successful assemblies. A still better solution was to perform assembly after read filtering under a 2 1 5 specified k-mer coverage (50 for Bc1 and Bp1; 100 for Bc1). This produced as little as 30 contigs. However, Bc2 assembly was not improved using subsampling or k-mer filtering because the two k-
mer peaks significantly overlapped with each other. High contig numbers of failed assemblies were due to short and low-coverage contigs
Cumulative contig length reached a plateau as short contigs were added (Fig. 4A ), implying that Table S3 ). However, we could not designate any single species to it 2 3 7 because neither 16S rRNA gene sequence nor definitive specI analysis result (78.11% average 2 3 8 identity to Bacillus sp. 2_A_57_CT2, GenBank ACWD01000000) was obtained. We also found 2 3 9 that the de novo assembly of artificially contaminated test dataset of 100x Illumina reads from E. were derived from B. subtilis genome. This observation further supports that short and low-
coverage contigs in failed assembly are due to contaminating reads. Because it became apparent that contamination in sequence reads was the main factor causing a 2 4 8 large number of small contigs with low coverage, eventually leading to spoiled assembly, we or Prokka, despite the completeness of contigs originating from contamination.
6 4
Use of metagenome analysis tools suggests that caulobacterial contamination might be 2 6 5 prevalent across samples
We applied MetaPhyler to all raw reads of the 13 samples to estimate the relative abundance of 2 6 7 taxonomic units to rank phylum through genus. Results were compared at family level, the highest 2 6 8 level where possible contamination across all samples could be maximally distinguishable ( Table   2  6  9 3). Family Caulobacteraceae was detected from nine samples, including all six samples containing Paenibacillaceae was 0.07%. In Bc2, the abundances of Listeriaceae (order Bacillales) and Streptococcaceae (order Lactobacillaceae) were 0.16% and 0.04%, respectively. Unexpectedly, in significant amount of Bacillus reads (relative abundance of 6.44% and 3.55%, respectively).
7 7
We then used Kraken to attach taxonomic label to each read after classification, where the PhyloSift. Read classification rates across samples were significantly different in Kraken results. MetaPhyler ( Supplementary Fig. S6 for Bp1). However, the actual percentage for reads classified 2 8 5 to irrelevant taxons was below 0.1%, making it difficult to discriminate real contamination from 2 8 6 noise that might be a function of reference database. In particular, proteobacterial reads appeared to (except for caulobacterial contamination) without 16S rRNA evidence were likely to be false 2 9 4 positives.
9 5
Finally, all reads were subjected to PhyloSift analysis, a phylogeny-driven statistical hypothesis test to determine the presence of phylogenetic lineages where abundance information is given as 2 9 7 probability distribution. PhyloSift showed the most conservative results among the three analysis contaminations occurred only in Bc1, Bc2, Bp1, Pan and Pgl (Fig. 6 ). We previously showed that read filtration based on k-mer abundance could improve de novo at different levels. Except for Bc2 whose secondary peak in k-mer spectrum was not far enough 3 0 6 from the main one to determine a suitable coverage cutoff, all twelve samples were filtered at k- sequences. This tool is only useful for removing host sequences from metagenomics samples. Taurus and Neisseria gonorrhoeae TCDC-NG08107) using Kraken system (35). However, they did contamination between samples. However, we suspect that the contamination with identical species, preparation steps were undertaken at three independent laboratories in this study. Insufficient wash between sequencing runs might cause carry-over contamination 6% eukaryotic reads from a myxobacterial sequencing result produced by the largest domestic 3 6 7 sequencing company. Contamination caused by sequencing service provider poses a serious 3 6 8 problem for the reliability of data, because it is very difficult for customers to take proper measures. Not all contaminations are represented by anomalies in k-mer frequency distribution. We found 3 7 0 that distinguishable k-mer frequency distribution could be hardly detected from simulated test 3 7 1 dataset when contamination was 1% or less (data not shown). We cannot suggest any reference situations. For example, 1% contamination can spoil assembly, while 5% contamination can generate reasonable assembly unless the contamination is dominated by one organism. However,
there are a couple of things that we can consider, including diversity in contamination, sequence similarity between target organism and the contaminants, and sequencing quality. Even the choice of assembly program with a specific parameter set can greatly affect assembly results. Thus, as a general guideline, we propose to filter reads at a particular k-mer frequency (a quarter of sequencing depth would be suitable) for de novo assembly of microbial isolate genomes, even if In summary, contamination is no longer a problem specific to individual samples in 3 8 5 contemporary high-throughput sequencing era. Although not all incidence of contamination is REAGO for samples Bpf, Bc2, and Bsu showed different top hits due to intragenomic variations. In such cases, results that were the most similar to Prokka 
